With the rapid growth of domestic electric vehicle charging loads, the peak-valley gap and power fluctuation rate of power systems increase sharply, which can lead to the increase of network losses and energy efficiency reduction. This paper tries to regulate network loads and reduce power system transmission loss by optimizing domestic electric vehicle charging loads. In this paper, a domestic electric vehicle charging loads model is first developed by analyzing the key factors that can affect users' charging behavior. Subsequently, the Monte Carlo method is proposed to simulate the power consumption of a cluster of domestic electric vehicles. After that, an optimal electric vehicle charging strategy based on the 0-1 integer programming is presented to regulate network daily loads. Finally, by taking the IEEE33 distributed power system as an example, this paper tries to verify the efficacy of the proposed optimal charging strategy and the necessity for considering seasonal factors when scheduling electric vehicle charging loads. Simulation results show that the proposed 0-1 integer programming method does have good performance in reducing the network peak-valley gap, voltage fluctuation rate, and transmission loss. Moreover, it has some potential to further reduce power system transmission loss when seasonal factors are considered.
Introduction
The increasing concerns about greenhouse gas emissions and the energy crisis have accelerated the pace of transportation electrification. Due to the fact that domestic electric vehicles have many advantages, such as higher efficiency in energy utilization, less direct pollution, and more environmental friendliness, they have successfully attracted more attention from governments and institutions around the world [1] . However, with the access of electric vehicles to the grid, extra-large and undesirable peak demands may emerge in distributed power systems because of the huge amount of electrical energy consumed in charging electric vehicles and domestic users' inappropriate charging behavior [2] .
According to the National Household Travel Survey (NHTS), domestic users' charging behavior is closely related to the rules of the owners' trip. As a typical example, the 2009 NHTS is widely used in many studies to model domestic users' electric vehicle driving and charging patterns through developing users' travelling probability density functions. According to recent studies, different kinds of assumptions have been made by scholars to simplify domestic users' driving patterns. For example, it is assumed that electric vehicles have pre-specified arrival time in [3] , and in [4] , a rigid electric vehicle charging schedule is presented. However, these assumptions can lead to inaccuracy of evaluation by ignoring the stochastic nature of driving patterns. To improve the accuracy of evaluation, Qian K et al. use the probability method to model the arrival time, departure time, and daily mileage in [5] [6] [7] . In addition, a method to estimate the electric vehicle integration patterns in distributed power systems considering their dispersion in different locations is proposed in [8] . Moreover, it is stated in [9] that the Monte Carlo Simulation is an efficient tool to model electrical characteristics of power systems, which makes it possible to use the Monte Carlo Simulation method to model network total electric vehicle charging loads. Even though the accuracy of evaluation can be improved by the aforementioned literature, many factors still have not been fully considered when modelling users' load charging behavior. For instance, electric vehicle charging loads are sensitive to seasons, while seasonal factors have not been taken into consideration in recent studies. To build a more accurate model of electric vehicle charging loads, it is necessary to analyze the key factors that can affect users' charging behavior.
With the rapid growth of electric vehicle charging loads, uncoordinated and random charging activities can increase the burden for distributed systems and may cause network voltage fluctuation, efficiency reduction, and so on [10] . As shown in the 2009 NHTS, numerous electric vehicle owners finish their last trips within a narrow time period, and most of them prefer to charge their vehicles shortly after the last trip; these inappropriate charging activities have negative effects on network operation. Therefore, it is urgent to propose an optimal electric vehicle charging strategy for regulating electric vehicle charging loads, because the proposed strategy can play an important role in load shifting, energy cost saving, and improving energy efficiency for distributed power networks [11] [12] [13] . As two of the most important objectives, reducing system losses and voltage fluctuation have been studied frequently in literature, with the aim of developing an electric vehicle charging strategy. In [14, 15] , optimal load charging strategies are proposed for minimizing system losses and improving voltage profiles based on the real-time smart load management (RT-SLM) control strategy. Sensitivity-based and optimization-based methods are proposed for mitigating voltage fluctuation in the presence of plug-in hybrid electric vehicles in [16] . However, with the increase of domestic electric vehicles, the complexity of the aforementioned methods can be significantly increased. In this context, it is necessary to develop a computational friendly strategy. Considering that electric vehicles are charged by constant power most of time, the 0-1 integer programming (0 for not charging and 1 for charging) method can be used to accelerate the computation time for a network with a large number of electric vehicles [17] .
Based on the aforementioned literature, this paper first builds the domestic electric vehicle charging loads model while taking seasonal factors into account, and then uses the Monte Carlo method to simulate the charging loads of a cluster of domestic electric vehicles in four seasons. After that, this paper proposes an optimal charging strategy which is based on 0-1 integer programming to minimize the variance of daily charging loads in distributed power systems. The main contributions of this paper can be summarized as follows:
(1) Key factors (users' driving habits, users' preference of charging vehicles, and ambient temperature, etc.) that can affect domestic users' charging behavior have been fully analyzed when modelling a domestic electric vehicle charging loads model. It is worth noting that for the first time in the context of domestic electric vehicles, seasonal factors are considered to model the electrical charging loads of a single domestic electric vehicle. (2) It is the first time that the exponential distribution is used to model the domestic users' daily travelling distance, and compared with the logarithmic normal distribution, the exponential distribution model is more suitable and accurate to reveal domestic users' daily travelling distance. (3) The 0-1 integer programming method is proposed to regulate electric vehicle charging loads and reduce distributed power system transmission loss. By introducing binary states to domestic electric vehicle charging loads, calculation complexity can be significantly reduced, which makes the proposed strategy more real-world feasible.
Domestic Electric Vehicle Charging Loads Modelling
As mentioned in the previous section, optimizing domestic electric vehicle charging strategy plays an important role in load shifting, energy cost saving, and improving energy efficiency for distributed networks. However, the use of domestic electrical vehicles has great uncertainty and flexibility compared to other domestic electric appliances. In addition, there are many factors that can affect the charging behavior of domestic electric vehicles, for example, users' driving habits, users' preference of charging vehicles, and ambient temperature, etc. Therefore, in order to develop an optimal electric vehicle charging strategy, it is important to analyze the key factors that can affect the charging behavior of domestic electric vehicles.
Users' Driving Habits and Preference of Charging Electric Vehicles
As two critical parameters, users' daily return time from the last trip and daily travelling distance per vehicle need to be analyzed carefully, because they are directly relevant to users' driving habits and preference of charging electric vehicles. Figure 1 shows the statistical data of the probability distribution of domestic users' daily return time from the last trip, which came from the NHTS and was published by the Department of Transportation of U.S. [18] . 
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Users' Driving Habits and Preference of Charging Electric Vehicles
As two critical parameters, users' daily return time from the last trip and daily travelling distance per vehicle need to be analyzed carefully, because they are directly relevant to users' driving habits and preference of charging electric vehicles. Figure 1 shows the statistical data of the probability distribution of domestic users' daily return time from the last trip, which came from the NHTS and was published by the Department of Transportation of U.S. [18] . Figure 1a reveals that the probability distribution of domestic users' daily return time is similar to the normal distribution. Therefore, the probability density function of domestic users' daily return time from the last trip can be written as follows:
In (1), f end (t r ) is the probability density function of daily return time from the last trip, σ end represents the standard deviation, µ end is the mathematical expectation, and t r is daily return time from the last trip. In addition, according to Figure 1b , users' daily return time from the last trip varies greatly according to the seasons. It is shown that compared to the summer, domestic users finish their last trips much earlier in winter. Therefore, in this paper, it is the first time that seasonal factors are taken into consideration when modelling the probability density function of domestic users' daily return time from the last trip. By implementing MATLAB (R2016b, MathWorks company, Nettie, MA, USA) Simulation, the standard deviations and mathematical expectations of users' return time from the last trip in different seasons can be acquired. Table 1 summarizes the simulation results of these two parameters in different seasons. As another important factor that can affect users' driving habits and preference of charging electric vehicles, user's daily travelling distance needs to be analyzed. Figure 2 shows the probability distribution of domestic users' daily travelling distance per vehicle (in mile).
Figure 2a reveals that both of the probability distribution and the cumulative probability distribution of domestic users' daily travelling distance are similar to exponential distribution compared with that of logarithmic normal probability distribution. Therefore, in this paper, it is the first time that exponential distribution is used to represent the original data which was published by the Department of Transportation of U.S. Figure 1a reveals that the probability distribution of domestic users' daily return time is similar to the normal distribution. Therefore, the probability density function of domestic users' daily return time from the last trip can be written as follows: 
In (1), fend(tr) is the probability density function of daily return time from the last trip, σend represents the standard deviation, μend is the mathematical expectation, and tr is daily return time from the last trip. In addition, according to Figure 1b , users' daily return time from the last trip varies greatly according to the seasons. It is shown that compared to the summer, domestic users finish their last trips much earlier in winter. Therefore, in this paper, it is the first time that seasonal factors are taken into consideration when modelling the probability density function of domestic users' daily return time from the last trip. By implementing MATLAB (R2016b, MathWorks company, Nettie, MA, USA) Simulation, the standard deviations and mathematical expectations of users' return time from the last trip in different seasons can be acquired. Table 1 summarizes the simulation results of these two parameters in different seasons. As another important factor that can affect users' driving habits and preference of charging electric vehicles, user's daily travelling distance needs to be analyzed. Figure 2 shows the probability distribution of domestic users' daily travelling distance per vehicle (in mile).
Figure 2a reveals that both of the probability distribution and the cumulative probability distribution of domestic users' daily travelling distance are similar to exponential distribution compared with that of logarithmic normal probability distribution. Therefore, in this paper, it is the first time that exponential distribution is used to represent the original data which was published by the Department of Transportation of U.S. In Figure 2b , simulation intervals of daily travelling distance increases from 5 to 10 miles, and simulation results show that the error is significantly reduced when applying exponential distribution to represent the original data. This is because stochastic volatility can be reduced if simulation intervals are increased. In addition, Figure 2b shows that simulation results are accurate by implementing exponential distribution to represent the probability distribution of travelling distance for different seasons. Therefore, in this paper, the exponential distribution model is used to represent the probability distribution of daily travelling distance. Equation (2) is the mathematical expression of the probability density function of daily travelling distance. 
In (2), f(s) is the probability density function of daily travelling distance, s is daily travelling distance, and μmile is the mathematical expectation which equals 56.22 miles.
Ambient Temperature
Ambient temperature, which varies significantly according to the seasons, has a strong impact on domestic users' charging behavior. This is because users prefer to switch on air conditioners in summer and heaters in winter to keep vehicle temperature within a comfortable range [19] . Therefore, average daily load curves of electric vehicles are different in different seasons. Figure 3 shows the average daily load curves of 2000 electric vehicles in different seasons [20] . Figure 3 reveals that the electric vehicle charging loads are lowest in spring and largest in summer. For the convenience of comparative analysis, electric vehicle charging loads in different seasons need to be standardized. Given that the electric vehicle charging loads are lowest in spring, in this paper, the electric vehicle charging loads in spring are taken as the base to standardize the charging loads in other seasons. The standardization results are shown in Table 2 . Table 2 indicates that the electric vehicle charging loads are almost equal in spring and autumn; however, it can increase about 30% and 19% in summer and winter, respectively. Therefore, ambient temperature has a great influence on the electric vehicle charging load, which can directly affect the charging behavior of domestic users. In Figure 2b , simulation intervals of daily travelling distance increases from 5 to 10 miles, and simulation results show that the error is significantly reduced when applying exponential distribution to represent the original data. This is because stochastic volatility can be reduced if simulation intervals are increased. In addition, Figure 2b shows that simulation results are accurate by implementing exponential distribution to represent the probability distribution of travelling distance for different seasons. Therefore, in this paper, the exponential distribution model is used to represent the probability distribution of daily travelling distance. Equation (2) is the mathematical expression of the probability density function of daily travelling distance.
In (2), f (s) is the probability density function of daily travelling distance, s is daily travelling distance, and µ mile is the mathematical expectation which equals 56.22 miles.
Ambient temperature, which varies significantly according to the seasons, has a strong impact on domestic users' charging behavior. This is because users prefer to switch on air conditioners in summer and heaters in winter to keep vehicle temperature within a comfortable range [19] . Therefore, average daily load curves of electric vehicles are different in different seasons. Figure 3 shows the average daily load curves of 2000 electric vehicles in different seasons [20] . Figure 3 reveals that the electric vehicle charging loads are lowest in spring and largest in summer. For the convenience of comparative analysis, electric vehicle charging loads in different seasons need to be standardized. Given that the electric vehicle charging loads are lowest in spring, in this paper, the electric vehicle charging loads in spring are taken as the base to standardize the charging loads in other seasons. The standardization results are shown in Table 2 . Table 2 indicates that the electric vehicle charging loads are almost equal in spring and autumn; however, it can increase about 30% and 19% in summer and winter, respectively. Therefore, ambient temperature has a great influence on the electric vehicle charging load, which can directly affect the charging behavior of domestic users. 
Domestic Users' Electric Vehicle Charging Loads Modelling
Without an optimal electric vehicle charging strategy, electric vehicles are normally charged shortly after finishing their last trips, and stop charging when batteries are fully charged. Therefore, the charging loads of electric vehicles at time t can be written as:
where N is the number of electric vehicle, Pc is the electrical charging power of a single electric vehicle (in kW), and pt is the probability of an electric vehicle under charging condition at time t, which can be expressed as:
where fend and ftev are the probability density functions of domestic users' daily return time from the last trip and domestic users' electric vehicle charging period, respectively and Tmax is the upper limit of charging period tev. In Equation (4), charging period ftev can be expressed as:
where k is a seasonal coefficient, s is the daily travelling distance, and c is electric vehicle energy consumption per mile in spring. In this paper, the Nissan Leaf, whose battery capacity is 24 kWh and rated charging power is 3.3 kW [21] , is used as an example to model total electrical demand of electric vehicles. As mentioned in Section 1, the total daily charging loads vary greatly according to the number of electric vehicles within a distributed power network, and the Monte Carlo Simulation is an efficient tool to model electrical characteristics of power systems. Therefore, the Monte Carlo method is used to model total electrical demand of electric vehicles in this paper. 
where N is the number of electric vehicle, P c is the electrical charging power of a single electric vehicle (in kW), and p t is the probability of an electric vehicle under charging condition at time t, which can be expressed as:
where f end and f tev are the probability density functions of domestic users' daily return time from the last trip and domestic users' electric vehicle charging period, respectively and T max is the upper limit of charging period t ev . In Equation (4), charging period f tev can be expressed as:
where k is a seasonal coefficient, s is the daily travelling distance, and c is electric vehicle energy consumption per mile in spring. In this paper, the Nissan Leaf, whose battery capacity is 24 kWh and rated charging power is 3.3 kW [21] , is used as an example to model total electrical demand of electric vehicles. As mentioned in Section 1, the total daily charging loads vary greatly according to the number of electric vehicles within a distributed power network, and the Monte Carlo Simulation is an efficient tool to model electrical characteristics of power systems. Therefore, the Monte Carlo method is used to model total electrical demand of electric vehicles in this paper. In this section, key factors that can affect domestic users' charging behavior have been studied, and after analyzing these factors, the Monte Carlo Simulation is used to model daily charging loads curves of electric vehicles in different seasons. In the next section, an electric vehicle optimal charging control strategy is proposed to regulate charging loads and to reduce power system losses.
Electric Vehicle Charging Loads Control Strategy and the Transmission Loss Optimization
As is reported in [3] , power system efficiency will decrease with the increase of the fluctuation of feeder loads. Therefore, to reduce power system losses, it is necessary to regulate average daily electric vehicle charging loads in different seasons.
0-1 Integer Programming for Regulating Electric Vehicle Charging Loads
There are only two states for vehicles: charging or not charging. In this case, the binary states of vehicles can be represented as 1 for charging and 0 for not charging. Under this condition, the complexity of electric vehicle charging loads optimization can be reduced, if the 0-1 Integer Programming Model is developed to regulate charging loads.
As demonstrated at the beginning of this section, to reduce system losses, the fluctuation of feeder loads should be reduced. By discretizing charging loads into m periods, this paper aims to minimize the variance of daily charging loads based on the 0-1 Integer Programming. Therefore, the mathematical expression of the proposed problem can be expressed as:
where
In (6) and (7), f1 is the objective function; L(j) is the total electrical demand of the power system without considering the electric vehicle charging loads at time period j, j = 1, 2, 3…m; Sij is the binary charging states of electric vehicle i at time period j; and Pav is the average electrical demand of a power system. Given that the proposed model only shifts loads, Pav is a constant for a given power system. Therefore, the objective function can be simplified as:
The aforementioned 0-1 Integer Programming Model is a quadratic integer programming problem. For this kind of problem, with the increase of samples (electric vehicles connected to the In this section, key factors that can affect domestic users' charging behavior have been studied, and after analyzing these factors, the Monte Carlo Simulation is used to model daily charging loads curves of electric vehicles in different seasons. In the next section, an electric vehicle optimal charging control strategy is proposed to regulate charging loads and to reduce power system losses.
Electric Vehicle Charging Loads Control Strategy and the Transmission Loss Optimization
0-1 Integer Programming for Regulating Electric Vehicle Charging Loads
In (6) and (7), f 1 is the objective function; L(j) is the total electrical demand of the power system without considering the electric vehicle charging loads at time period j, j = 1, 2, 3 . . . m; S ij is the binary charging states of electric vehicle i at time period j; and P av is the average electrical demand of a power system. Given that the proposed model only shifts loads, P av is a constant for a given power system. Therefore, the objective function can be simplified as:
The aforementioned 0-1 Integer Programming Model is a quadratic integer programming problem. For this kind of problem, with the increase of samples (electric vehicles connected to the power grid), the number of decision variables and the complexity of calculation are increased. To accelerate computation for a large number of electric vehicles, an equivalent linearization method to linearize the objective function is proposed in [22, 23] , which significantly reduces computation complexity. By taking this same method, the total demand of power system at time period j can be expressed as:
In Equation (9), S is the segment number; α n (j) is the slope of the load of the nth segment at time period j after linearization; and δ n (j) is the value of the load of the nth segment at time period j after linearization. Therefore, the linearized equivalent simplified objective function of the proposed model can be written as:
To develop the aforementioned model, there are four assumptions that need to be highlighted:
(1) Electric vehicle charging power
There are two processes of electric vehicle charging, which are the constant power charging state and the charging power linearly decrease state. The constant power charging state is the main process of electric vehicle charging, and this process takes a relatively long time and has a relatively high efficiency compared with the charging power linearly decrease state. In addition, with the development of electric vehicle charging technologies, the charging power linearly decrease state tends to disappear [24] . Therefore, in this paper, it is assumed that electric vehicles are charged with constant power.
(2) Electric vehicle charging time For most domestic users, it is more preferable to charge electric vehicles shortly after the last trip of the day, although a few of them may charge their vehicles when they are at the office. In this paper, it is assumed that domestic users' start charging their vehicles shortly after finishing their last trip and must stop charging vehicles before going to work. Based on this assumption, electric vehicle charging time can be expressed as:
In (11), t r is the daily return time from the last trip and t s is the daily start time of the first trip. To guarantee safe operation of the electric vehicle battery system and to meet domestic users' travelling requirements, domestic electric vehicle battery SOC should be limited within a certain range:
where SOC b and SOC a are the SOCs of the ith electric vehicle battery before and after charging, respectively; SOC s is the SOC of the ith electric vehicle battery before the trip starts; C is the capacity of the electric vehicle battery; SOC Exp and SOC Full are the expected and the fully-charged SOCs of an electric vehicle battery, respectively and ∆t is the discrete time, which is inversely proportional to the number of discretized charging loads periods m.
(4) Electric vehicle battery lifetime
As the lifetime of a battery can be seriously influenced by charging cycles, to increase the lifetime of a battery, it is preferable to reduce switching frequency when charging a battery [25] . In this paper, it is assumed that batteries for the electric vehicles need to be charged for at least one integer discrete time period (∆t) to avoid frequently changing charging states of batteries.
The Transmission Loss Optimization
As proposed in [10] , domestic users may increase power system losses by consuming power in an irregular way. In this part, a power system transmission loss model is developed to analyze the key factor that can affect transmission loss and to calculate system transmission loss.
The transmission loss is one of the most important parts of power system losses, and it is directly related to the resistance and the current of the transmission line. Equation (15) is the mathematical expression of the power system transmission loss.
where E loss is the power system transmission loss, R is the resistance of the transmission line, T r is the length of a day, and i(t) is the current of a transmission line at time period t. In addition, in Equation (15), the current of a transmission line at time period t is relevant to the total daily demands, the voltage of the power system, and the difference between the current at time period t and the daily average current, therefore, i(t) can be expressed as:
In (16), E total is the total daily demands of the power system; U is the voltage of the power system, and ∆i(t) is the difference between the current at time period t and the daily average current. By combining Equations (15) and (16), the mathematical expression of the power system transmission loss can be modified as:
Given that the power system voltage U is nearly a constant, the first term in the right hand side of Equation (17) is a constant and the second term in the right hand side of Equation (17) is 0. Therefore, the transmission loss of a power system can be greatly affected by the fluctuation of the current. Figure 5 
Case Study
In this paper, an IEEE 33-node distributed power network is used as an example to calculate distributed power system transmission loss and voltage fluctuation by employing MATLAB simulation. Figure 6 is the structure of the IEEE 33-node distributed power network. The Node 0 is selected as the reference node because it is directly connected to the main grid. For this system, 12.66 kV is selected as the reference voltage and the maximum active load (ignoring the electric vehicle charging load) of this network is 3.72 MW. Figure 7 is the daily load curves of the given distributed power network in different seasons. 
In this paper, an IEEE 33-node distributed power network is used as an example to calculate distributed power system transmission loss and voltage fluctuation by employing MATLAB simulation. Figure 6 is the structure of the IEEE 33-node distributed power network. The Node 0 is selected as the reference node because it is directly connected to the main grid. For this system, 12.66 kV is selected as the reference voltage and the maximum active load (ignoring the electric vehicle charging load) of this network is 3.72 MW. Figure 7 is the daily load curves of the given distributed power network in different seasons. The daily load curves of the given network in different seasons [26] .
In this network, there are about 950 families, and the average demand of each family is 4 kW at peak demand time. Suppose that the penetration rate of electric vehicles is 30% in this system, thus, the total number of electric vehicles is 285 in this network. In addition, it is assumed that all electric vehicles are distributed evenly in all nodes to charge their battery. In the next section, simulation results of the optimal control strategy proposed in Section 3, based on this given case, will be given to show the effectiveness of the proposed optimal strategy. Figure 8 shows the daily load curves of the given network without considering any optimal charging strategy in four different seasons.
Results and Analysis

Charging Electric Vehicle without Any Optimal Strategy
In this network, there are about 950 families, and the average demand of each family is 4 kW at peak demand time. Suppose that the penetration rate of electric vehicles is 30% in this system, thus, the total number of electric vehicles is 285 in this network. In addition, it is assumed that all electric vehicles are distributed evenly in all nodes to charge their battery. In the next section, simulation results of the optimal control strategy proposed in Section 3, based on this given case, will be given to show the effectiveness of the proposed optimal strategy. Figure 8 shows the daily load curves of the given network without considering any optimal charging strategy in four different seasons. Figure 8 reveals that the gap between the maximum demand and the minimum demand of the given network in a day is approximately 1.4 MW in spring and autumn. However, this gap can increase to 2.2 MW in summer and winter. This proves that seasonal factors do have an influence on calculating power system peak-valley difference, which has further impact the calculation of power system transmission loss.
Results and Analysis
Charging Electric Vehicle without Any Optimal Strategy
In addition, simulation results indicate that the actual total demands of the given network should be higher in summer and winter, if seasonal factors are considered. On the contrary, the actual total demands of the given network should be lower in spring and autumn. Moreover, in summer, the actual daily load curve (considering seasonal factors) lags behind the average daily load curve (ignoring seasonal factors). However, an opposite tendency is shown in winter. For spring and autumn, the actual daily load curve and the average daily load curve are in the same phase. This is caused by domestic users' preference of charging electric vehicle. As demonstrated in Section 2.1, users' finish their last trips early in winter and late in summer. Therefore, the actual daily load curve in summer lags behind the average daily load curve and the actual daily load curve in winter is ahead of the average daily load curve. In summary, seasonal factors can affect the shape of the daily load curve of a network.
Taking node 8 as an example, Figure 9 shows the daily voltage curves of a node in the given network without considering any optimal charging strategy in four different seasons. Figure 8 reveals that the gap between the maximum demand and the minimum demand of the given network in a day is approximately 1.4 MW in spring and autumn. However, this gap can increase to 2.2 MW in summer and winter. This proves that seasonal factors do have an influence on calculating power system peak-valley difference, which has further impact the calculation of power system transmission loss.
Taking node 8 as an example, Figure 9 shows the daily voltage curves of a node in the given network without considering any optimal charging strategy in four different seasons. Figure 9 reveals that the voltage fluctuation rate of the given node is about 2% in summer and winter, and this rate would reduce to around 1% in spring and autumn. It is worth noting that with the connection of electric vehicles to the grid, this rate could increase about 50% for all seasons. In other words, the voltage fluctuation rate increases to about 1.5% in spring and autumn and about 3% in summer and winter if electric vehicles charging loads are connected to the grid. In addition, similar to the load curve simulation results, the actual voltage curve lags behind to the average voltage curve in summer and is ahead of the average voltage curve in winter.
Simulation results show that seasonal factors not only affect total demand of the given network, but also influence node voltage. Therefore, it is crucial to take these factors into account when scheduling electric vehicle charging loads. Additionally, simulation results also suggest that without an appropriate electric vehicle charging strategy, the maximum peak-valley difference of the given power system is 2.2 MW, which is more than half of the network peak demand. Therefore, the optimal electric vehicle charging strategy needs to be applied to regulate power and voltage fluctuation for this network.
Charging Electric Vehicle with the Proposed Optimal Strategy
By applying the proposed electric vehicle charging strategy, Figure 10 shows the optimized daily load curves of the given network in four different seasons. As can be seen from Figure 10 , with the proposed optimal strategy, the gap between the maximum and the minimum demand of the given network in a day reduces to about 0.8 MW in spring and autumn and to 1.2 MW in summer and winter. In this context, the gap between the maximum demand and minimum demand reduces by 45% in four different seasons. By applying the proposed optimal charging strategy, the electric vehicle charging loads have been successfully shifted to the valley demand time. This proves the effectiveness of the proposed method in load shifting. Figure 11 shows the daily voltage curves of the node 8 in the given network by considering the optimal charging strategy in four different seasons.
As shown in Figure 11 , with the access of electric vehicle charging loads to the grid, the voltage fluctuation rate of node 8 reduces to 1% in spring and autumn, while in summer and winter this rate is about 50% higher than that in spring and autumn, which is 1.5%. Even though the voltage fluctuation rate in summer and winter is 50% higher than that in spring and autumn, compared with not applying any charging strategy to charge electric vehicle loads, the voltage fluctuation rate of node 8 has been significantly reduced in each season by applying the proposed electric vehicle Simulation results show that seasonal factors not only affect total demand of the given network, but also influence node voltage. Therefore, it is crucial to take these factors into account when scheduling electric vehicle charging loads. Additionally, simulation results also suggest that without an appropriate electric vehicle charging strategy, the maximum peak-valley difference of the given power system is 2.2 MW, which is more than half of the network peak demand. Therefore, the optimal electric vehicle charging strategy needs to be applied to regulate power and voltage fluctuation for this network.
As shown in Figure 11 , with the access of electric vehicle charging loads to the grid, the voltage fluctuation rate of node 8 reduces to 1% in spring and autumn, while in summer and winter this rate is about 50% higher than that in spring and autumn, which is 1.5%. In summary, as shown in Figures 10 and 11 , the proposed optimal electric vehicle load charging strategy not only has good performance on shifting load, but also has a strong ability to reduce voltage fluctuation rate. Simulation results show that both of the peak-valley gap and voltage fluctuation rate of the network reduce by about 45% by applying the proposed electric vehicle load charging strategy. Therefore, according to the aforementioned results, it can be predicted that transmission loss of the given network can be reduced to some extent.
The Transmission Loss Optimization Results
Based on the 0-1 Integer Programming Model, which is proposed in Section 3.1, Figure 12 shows the optimal charging strategy for a selected domestic electric vehicle. In addition, by analyzing power fluctuation of the given network, transmission loss of the given network can be calculated. Table 3 summarizes the transmission loss of the given network under different conditions. In summary, as shown in Figures 10 and 11 , the proposed optimal electric vehicle load charging strategy not only has good performance on shifting load, but also has a strong ability to reduce voltage fluctuation rate. Simulation results show that both of the peak-valley gap and voltage fluctuation rate of the network reduce by about 45% by applying the proposed electric vehicle load charging strategy. Therefore, according to the aforementioned results, it can be predicted that transmission loss of the given network can be reduced to some extent.
Based on the 0-1 Integer Programming Model, which is proposed in Section 3.1, Figure 12 shows the optimal charging strategy for a selected domestic electric vehicle. In addition, by analyzing power fluctuation of the given network, transmission loss of the given network can be calculated. Figure 12 reveals that for a selected domestic electric vehicle, optimal charging periods are vastly different if seasonal factors are considered, and this is mainly reflected in two aspects. Firstly, the selected electric vehicle needs a longer charging period in summer and winter, but a shorter charging period in spring and autumn, if seasonal factors are considered. This is because more energy is consumed in cooling and heating systems when considering seasonal factors. Another important aspect is that the optimal electric vehicle charging time period may be shifted if seasonal factors are considered. For example, in Figure 12c , the selected electric vehicle is charged between 23:00 to 24:00 when considering seasonal factors, while this period is postponed to 2:00 to 3:00 if the seasonal factors aspect is that the optimal electric vehicle charging time period may be shifted if seasonal factors are considered. For example, in Figure 12c , the selected electric vehicle is charged between 23:00 to 24:00 when considering seasonal factors, while this period is postponed to 2:00 to 3:00 if the seasonal factors are ignored. The reason for this is that when considering seasonal factors, the load charging curves may lag behind or be ahead of the average electric vehicle load charging curves for one year, which has been demonstrated in Section 5.1. Table 3 shows that the average network transmission loss rate for one year increases to 3.65%, which is about a 13.06% increase if electric vehicle charging loads are connected to the network. Therefore, with the increasing number of domestic electric vehicles, the average network transmission loss increases significantly. To reduce transmission loss, an optimal electrical vehicle charging strategy should be applied. By applying the proposed electric vehicle charging strategy, the average network loss rate for one year drops to 3.50%, which is about a 4.11% reduction in average if seasonal factors are ignored. On the contrary, when seasonal factors are taken into account, the network transmission loss rate can further be reduced to 3.45% by applying the proposed optimal charging strategy. Therefore, the simulation results verify the efficacy of the proposed 0-1 Integer Programming model and emphasize the necessity of considering seasonal factors when regulating electric vehicle charging loads.
Conclusions
This paper aims at regulating network daily load curves and reducing distributed power system transmission loss by optimizing domestic electric vehicle charging loads. To achieve this, this paper first analyzes the key factors that can affect the charging behavior of domestic electric vehicles. In this part, for the first time in the context of domestic electric vehicles, seasonal factors are considered to model the electrical charging loads of a single domestic electric vehicle. Then, a cluster of domestic electric vehicle charging loads of the given network is modelled by the Monte Carlo method. After that, the 0-1 integer programming method is proposed to regulate network daily load curves and to reduce distributed power system transmission loss.
The optimization results show that with the connection of electric vehicles to the grid, the peak-valley gap of the given network can increase by about 33% and the voltage fluctuation rate can increase by about 50% on average. In addition, the average network transmission loss rate for one year increases to 3.65%, which is about a 13.06% increase. To reduce the peak-valley gap, the voltage fluctuation rate, and the average network transmission loss rate of the given network, the 0-1 integer programming method is employed to optimize electric vehicle charging loads. By applying the proposed electric vehicle charging strategy, both the peak-valley gap and voltage fluctuation rate of the network can be reduced by about 45% compared with not connecting electric vehicles to the grid. Additionally, the average network loss rate for one year drops to 3.50%, which is about a 4.11% reduction in average compared with not applying the 0-1 integer programming. Furthermore, with taking seasonal factors into account, network transmission loss rates can be reduced to 3.45%, and the best time to charge electric vehicles is vastly different when compared with ignoring seasonal factors.
In summary, the proposed 0-1 integer programming method does have good performance in reducing the network peak-valley gap, the voltage fluctuation rate, and transmission loss. Moreover, with taking seasonal factors into account, network transmission loss rate can be further reduced and the optimal electric vehicle charging time can be significantly different. Therefore, it is important to consider seasonal factors when optimizing electric vehicle charging loads. To further improve the commercial utility of the work, it is worth considering financial incentives and price signals when scheduling residential charging loads in the future work.
